health status [23] . For example, Sheinkopf et al. [24] , found different patterns of acoustical properties 48 of cry vocalizations in children at risk for ASD compared to vocalizations from a healthy control group. 49 Likewise, Garcia & Garcia [25] distinguished cry samples collected from deaf and hearing infants. 50 In a typical study, cry vocalizations are elicited in babies using a trigger (e.g., heel prick) and recorded 51 on digital or analog sources [26] . Cry signals are then filtered to remove higher frequencies components.
52
Finally, acoustic features are estimated from the signals. Commonly used acoustic features are the 53 Fundamental Frequency (F0), which is the lowest pitch of the periodic signals, and its formants (F 1 -F 4 ), 54 which are frequency peaks which wavelength is a multiple of the fundamental frequency.
Methods

70
In this work, acoustical features (F 0 , F 1-4 , Intensity) have been estimated from cry vocalizations 71 collected in a previous, Then, a cloud-based AI model has been trained and tested. A visual 72 representation of the procedure is reported in Figure 1 
Data
74
To test our hypothesis, we adopted a subset of a dataset used in a previous publication on 75 the acoustical differences in cry vocalizations of children of depressed and healthy mothers [12] . 76 Vocalizations from children of depressed (N = 29, 8 infant girls) and non-depressed mothers (N = 77 26, 7 infant girls) were collected at home when the infants were about 5 months of age (mean age = 78 157.4 days ± 8.5). 57 mothers (mean age = 31.1 years ± 3.9) were recruited from the Washington DC 79 metropolitan area by mailing lists and newspaper advertisements; they included European Americans 80 (n = 36), African-American (n = 10), Asian Americans (n = 7), American Indians (n = 1), and Latin 
Discussion and Conclusions
144
In this work, we tested the possibility of using machine learning models to identify Post-Partum 
